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Abstract—In this paper we focus on the problem of human
activity recognition without identification of the individuals in a
scene. We consider using Wi-Fi signals to detect certain human
mobility behaviors such as stationary, walking, or running.
The main objective is to successfully detect these behaviors
for the individuals and based on that enable detection of the
crowd’s overall mobility behavior. We propose a method which
infers mobility behaviors in two stages: from Wi-Fi signals to
trajectories and from trajectories to the mobility behaviors. We
evaluate the applicability of the proposed approach using the Stu-
dentLife dataset which contains Wi-Fi, GPS, and accelerometer
measurements collected from smartphones of 49 students within a
three-month period. The experimental results indicate that there
is high correlation between stability of Wi-Fi signals and mobility
activity. This unique characteristic provides sufficient evidences
to extend the proposed idea to mobility analytics of groups of
people in the future.
Index Terms—human activity recognition, cyber-physical sys-
tems, Internet-of-things, mobility analytics, pervasive computing
I. INTRODUCTION
Human activity recognition is a research challenge mainly
tackled by computer vision researchers using videos captured
by security cameras to understand individuals’ behaviors.
However, recording people’s activities with their identities
brings certain privacy concerns due to lack of anonymity.
Moreover, in certain scenarios, the cameras may not be de-
ployed due to governmental restrictions or other concerns.
Another aspect of this problem is that the processing of
frames of videos, tracking each individual’s movement, and
understanding their behavior is only possible with considerable
computational and communication overheads. On the other
hand, Wi-Fi signals can be captured by Wi-Fi sniffers or by
deploying Wi-Fi access points (APs) in an area. Furthermore,
smartphones with Received Signal Strength Indicators (RSSIs)
can be used for mobile sensing of the Wi-Fi APs and deciding
the current behaviors of the smartphone users. Therefore, we
believe that detection of people’s mobility behaviors through
Wi-Fi signals is necessary and relevant alternative solution for
the human activity recognition.
Among different types of human activities, this work fo-
cuses on the mobility activities particularly for pedestrian mo-
bility activities without using motor vehicles (e.g., stationary,
walking, running activities). Transportation by buses or high-
speed trains in larger areas are not considered in the scope
of this paper. Some of existing efforts focus on pedestrian
mobility [1] in theme parks for enhancing public safety. We
aim at pedestrian movements to recognize stationary, walking,
and running activities in small-scale areas such as campuses or
shopping malls. Due to the popular use of connected mobile
devices such as smartphones and tablet computers, human
mobility behaviors can be captured through Wi-Fi signals.
Understanding movement patterns of people is important in
many areas such as traffic engineering, crowd management,
disaster management, urban planning, epidemic modeling, and
mobile networks. For instance, considering a natural or man-
made disaster in an area, finding effected people who cannot
move, need emergent help or stuck in pedestrian or vehicle
traffic is of utmost importance for successful save, rescue and
evacuation operations.
This work proposes a mobility activity inference model
based on Wi-Fi signals to detect three mobility activities:
stationary, walking, and running. Since multi-modal sensing
approaches may suffer from the missing data problem due to
unavailability of data sources or low sampling rates of sensors,
we design a two-phase algorithm to infer mobility activity.
Specifically, we exploit the correlation between stability of
Wi-Fi signals and moving speeds to compensate for the lack
of data in the first phase and then infer mobility activities
using classifiers in the second phase. The major contribution
of this paper is to figure out the correlation of Wi-Fi signals
and human mobility activities which can be applied to a more
flexible system without the Global Positioning System (GPS)
localization technologies and other types of data sources.
The remainder of this paper is organized as follows. The
second section reviews the existing research on human activity
recognition. The third section explains our proposed models
for mobility activity inference. The experiments are presented
in the fourth section. The last section concludes this paper.
II. RELATED WORK
Recently various research studies have been conducted
related to human activity recognition. Some of these studies
are focused on using body-worn sensors [2], [3] or smart-
phones [4] while most literature can be found in the computer
vision field [5], [6]. Bugdol et al. [7] propose the use of
smartphone sensors (e.g., accelerometers, microphones) for
recognizing human activities such as riding bike, driving car,
sitting, and walking. They propose Support Vector Machine
(SVM) for classification of the inputs from various sensors.
Bayat et al. [8] propose using built-in triaxial accelerometers
of smartphones and they test their activity recognition model
for people performing physical activities such as slow walking,
running, fast walking, climbing stairs, and aerobic dancing.
Wu et al. [9] use built-in sensors on smartphones to collect
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GPS, Wi-Fi, GSM cells, and accelerometers for transporta-
tion mode inference. An unsupervised learning approach by
hierarchical clustering and density-based spatial clustering of
applications with noise (DBSCAN) is proposed by Kwon
et al. [10] using smartphone sensor data. Instead of using
smartphone data, Wi-Fi signals are used by Wang et al. [11]
for recognition of activities such as walking, running, brushing
teeth, falling, opening refrigerator, and so on. This approach is
an alternative for understanding body movements such that it
does not require wearing body sensors. Their Hidden Markov
Model (HMM)-based model provides accurate understanding
of the human body movement recognition. Alvarez et al. [12]
tackle the similar problem of body posture recognition with
Wi-Fi signals and accelerations.
Our study differs from the aforementioned ones in the sense
that we aim to understand the micro movement behaviors of a
person, while others focus on body movements or large-scale
movements made by motor vehicles. We aim to use Wi-Fi
signals which always exist in surroundings with additional
resources (if available) such as smartphone sensors (e.g.,
GPS, Bluetooth, and accelerometers) for inferring mobility
activities. Moreover, our method is more flexible when some
of the data sources are not available.
III. MOBILITY ACTIVITY INFERENCE MODEL
A. Human Mobility
Understanding human mobility brings great potential bene-
fits for networked systems, epidemics, traffic control, urban
planning, and disaster management. Scientific research on
human mobility gained momentum with new findings for
better understanding of human mobility [13], [14]. With the
help of tracking thousands of cell phones, researchers are able
to find the limits of predictability [15] and main properties of
human movements such as the walking distance distributions
and diffusion. This leads to promising efforts on developing
new mobility models which are able to represent the human
movement patterns more realistically. Although people can be
tracked with videos and built-in smartphone technologies such
as GPS, this does not seem feasible for various environments
due to privacy concerns. Moreover, it is very hard to gather
GPS data in some environments in defined period of times
such as the movement of people during disasters in a partic-
ular city. Another aspect of human mobility is the fact that
the movement of people depend on their environment. For
instance, a person who lives in a metropolitan area goes to
work everyday and come back home with vehicles, while in
another environment such as in a campus environment the
person travels by walk. Therefore, scenario-specific consid-
eration is necessary for having accurate representations of
human mobility patterns. Furthermore, pedestrian mobility and
the mobility of vehicles are made by very different means
such that the maximal moving speed of pedestrians is much
slower than the speed of people on motor vehicles. Thus, this
distinction on the pedestrian mobility is necessary.
While there exist some studies related to human mobil-
ity, realistic understanding of human mobility stays a major
(a) Periodic scan (b) Wi-Fi probes 
Fig. 1. Two data-collection mechanisms.
challenge for various scenarios ranging from human mobility
in continental scale to mobility inside buildings. Especially,
with the advancements in mobile computing and upcoming
technologies such as 5G and the Internet of Things (IoT),
human mobility will have much more importance than it
nowadays has. We focus on the human mobility in the urban
environments such as city squares, stadiums, airports, and
theme parks as well as the natural and man-made disaster
scenarios. To understand the movement of the crowd in pedes-
trian flows or in city traffic and finding the people who need
assistance, certain human mobility behaviors can be inferred
with the help of Wi-Fi signals. For instance, by understanding
the people who mostly stay in the same place, we can find the
people in need of a help during disasters.
Our first goal is to infer 3 simple human mobility activities
using Wi-Fi signals: stationary, walking, and running. We
define the stationary mode as the mode of a person who
stays in a certain radius for a certain period of time. These
radius and time values can be set as parameters and they may
differ according to the environment (e.g., city square or airport)
and the conditions (e.g., ordinary or emergency situations).
Walking is the case when the person seems to move but the
Wi-Fi signals do not fluctuate so much. Our logic is to map
these Wi-Fi signal fluctuations to the actual distance changes
so that one can understand that the person is in the walking
mode. There is a certain estimated speed parameter such that
if the estimated movement passes a certain speed in a defined
period of time, the person is considered in the running mode.
B. Data Collection Mechanisms
This work investigates the correlation between RF signal
fluctuation and human mobility activities including stationary,
walking, and running. Fig. 1 shows two data-collection mech-
anisms for capturing RSSIs between Wi-Fi signal transmitters
and receivers. Fig. 1(a) shows that a mobile application run-
ning on the smartphone collects RSSIs from ambient visible
Wi-Fi APs periodically. In contrast to active scan, Fig. 1(b)
uses multiple Wi-Fi sniffers to collect Wi-Fi probes broad-
casted by smartphones from time to time. There are different
essential limitations for two data-collection mechanisms. The
first one relies on mobile users’ will to install the mobile
application in their smartphones, while the latter one relies on
additional sensor deployments. This work first analyzes the
data collected by active scan, and we will take RSSIs from
Wi-Fi probes into account in our future work.
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(a) GPS speed.
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(b) Stability of Wi-Fi signals.
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(c) Labelled activities by a mobile app for mobility activity detection.
Fig. 2. Observations on the correlation between stability of Wi-Fi signals,
moving speeds, and labelled activities.
C. Activity Classification Models
Since some types of sensing data may suffer from the miss-
ing data problem due to low sampling rates or unavailability
of data sources, we propose a two-phase classification model
to inference mobility activities where the first-phase is to
solve the missing data problem and the second-phase performs
mobility activity inference using with sufficient information.
For example, when GPS does not work in indoor places or
Stability 
coefficient 
RSSI 
variance 
RSSI 
mean  
Moving 
speed  
Labelled 
activity 
0.3 1.6 -50 2 walking 
0.1 0.6 -60 6 running 
1 0.3 -30 0 stationary 
0.78 0.5 -70 6 running 
0.7 0.2 -62 ? ? 
Phase 1: first-level model for addressing missing data. 
Phase 2: second-level model for mobility activity inference. 
Fig. 3. Two-stage activity inference.
Wi-Fi sniffer is considered for data collection, moving speeds
are missing most of time. Therefore, we make observations on
GPS moving speeds, stability of Wi-Fi signals, and labelled
activities based on the StudentLife dataset [16] to understand
the correlation between the multiple types of data modalities,
as shown in Fig. 2. To save energy of smartphones, GPS works
at an extremely low sample rate of 1/600 Hz. Thus, the missing
GPS data problem becomes serious. As it can be seen that the
stability coefficients are low when either the labelled activities
indicate walking or GPS moving speeds have significant
changes. We can see that the stability of Wi-Fi signals can
provide sufficient clues to infer mobility activities. Here, we
consider the first data-collection mechanism to compute the
stability coefficient of Wi-Fi signals between two consecutive
sets of ambient Wi-Fi signals detected by the smartphone
denoted by X and Y using Jaccard index as follws
S(X,Y ) =
|X⋂Y |
|X⋃Y | ,
where the stability coefficient is between 0 and 1. A lower
stability coefficient means that Wi-Fi signals fluctuate signif-
icantly. In contrast, a higher stability coefficient means that
Wi-Fi signals are more stable.
Based on the above observations, Fig. 3 illustrates the idea
of the proposed two-stage activity inference. Since Wi-Fi data
is always available in the surrounding, we use Wi-Fi fluctu-
ating information to learn the first-level model for inference
of moving speeds. Here, we consider the Gaussian process
regression as the first-level model to address the missing data
problem, where complete data including Wi-Fi fluctuations
and moving speeds is considered as the training dataset for a
regression function. The moving speeds in incomplete dataset
will be estimated through the regression function. Then, both
Wi-Fi information and moving speeds are taken into account to
learn the second-level classification model for human mobility
inference. We consider three different classifiers, J48Tree,
Naive Bayes, and Random Forest, as the the second-level
classification model to compare the accuracy. Note that the
second-level classification model is not limited to the three
TABLE I
DATASET DESCRIPTION.
Number of users 49
Accelerometer sampling time (≈) 2-3 sec
Measurement start date March 27, 2013
Measurement end date June 5, 2013
Movement data provider Wi-Fi, GPS
Min activity inference data size 163113
Max activity inference data size 1048576
Min GPS data size 889
Max GPS data size 6536
Min Wi-Fi data size 10350
Max Wi-Fi data size 373062
classifiers for a more flexible approach.
IV. EXPERIMENTAL RESULTS
A. Dataset Description
We analyze Wi-Fi scan traces as well as GPS traces from 49
students in the StudentLife dataset [16]. The dataset contains
measurements from smartphones of students in Dartmouth
College including various sensor data such as audio, phone
calls, phone charge. Measurements of Wi-Fi signals, GPS
traces, and the activity inference datasets are used in this
experimental study. The speed of each person is computed over
all the GPS trajectories to be able to analyze their correlations
with the Wi-Fi signal strengths.
The dataset is filtered to exclude the inaccurate measure-
ments. For instance, the location data based on connected cell
towers in the location data files is removed. For the activity
inference, the unknown parts are excluded from the dataset.
Description of the data set in terms of data sizes (number
of entries) for each dataset and other related information can
be seen in Table I. Minimum and maximum data sizes mean
the number of entries for the users with smallest or largest
data among all 49 users. The numbers included in the table
correspond to the modified dataset after filtering.
B. Cross-modal Data Analyses
First, we discuss the correlation and feature patterns of
cross-modal data including GPS data, labelled activities, num-
ber of ambient visible Wi-Fi APs, and distribution of RSSIs.
The data analysis results are presented in Fig. 4. As we can
see in Fig. 4(a), GPS measurements are missing most of time
because the user’s smartphone probably cannot get GPS fixes.
GPS data provides accurate information to detect large-scale
mobility. However, for small-scale movements or micro mo-
bility behaviour, such as walking or being stationary, GPS data
is not sufficient. Fig. 4(b) shows labelled activities through an
activity inference algorithm on the smartphone based on the
accelerometer data. When the user changes mobility activity,
the number of visible APs changes significantly as shown in
Fig. 4(c). Similarly, the distribution of RSSIs changes when
human mobility activity changes. The data analysis results
provide hints to use Wi-Fi signal fluctuating information to
compensate the missed data for mobility activity inference.
For a more flexible data collection mechanism with multiple
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(b) activity.
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(c) Number of ambient Wi-Fis.
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Fig. 4. Experimental results.
Fig. 5. Experimental results of the first-phase Gaussian process regression
model for a particular user’s data.
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Fig. 6. Experimental results of our two-phase algorithm, where three
classification models are considered in the second phase.
Wi-Fi sniffers, we can apply the proposed idea to mobility
activity analytics of groups of people.
C. Experimental Results of Activity Inference
Finally, we discuss the experimental results of our first-level
Gaussian process regression and the second-level classification
models. Fig. 5 shows the Gaussian process regression function
between stability of Wi-Fi signals and moving speeds. As it
can be seen, a lower value of stability coefficient indicates a
higher moving speed. Since sensors and Wi-Fi antennas on
different smartphones have different sensitivities and favourite
visit places of users are different, stability coefficients resulted
from different smartphones are probably different. There is no
one-size-fit-all model when data collection is conducted by
each individual’s smartphone. In contrast, when Wi-Fi sniffers
are used for collecting data, the sensitivity of these Wi-Fi
antennas for collecting multiple users’s Wi-Fi signals from
mobile devices remains consistent.
Finally, we use Weka [17] to study the performance of the
proposed mobility activity inference algorithm when different
classifiers are applied to the second-level model. We compare
the accuracy of mobility activity inference in this experiment,
where J48Tree, Naive Bayes, and Random Forest, are con-
sidered as the second-level classifiers. Here, we consider the
three classifiers since all of these three classifiers work well for
numerical and categorical data and incur lower computation
overhead which can support real-time detection tasks in the
future. In this experiment, we split the dataset into two sub-
datasets, where 50% data for training and 50% data for testing.
Fig. 6 shows the experimental results. As it can be seen, the
accuracy resulted from the Random Forest classifier is slightly
better than the others.
V. CONCLUSION
In this paper, we focus on human activity recognition
without the use of security cameras or body-sensors. We
propose using Wi-Fi signals to detect simple human mobility
behaviors of stationary, walking, and running. We propose
a method which consists of two stages of human mobility
inference from Wi-Fi signals to the mobility behavior. We
analyze the proposed approach by using Wi-Fi, GPS, and
accelerometer measurements from smartphones of 49 students.
As a future work, we intend to have extensive experiments
with one or more people using Wi-Fi sniffers and Wi-Fi
APs as well as smartphone sensors and calibrate our human
activity inference model. Moreover, our future goal is to extend
the proposed model and enable inference of crowd mobility
behaviors in urban environments such as city squares and
airports. We believe that this model can enable efficient crowd
management and search-and-rescue operations in the future.
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